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ABSTRACT ⎯ The 5.0 era has made the tourism sector one of the measures of the economic welfare of a region, such as in West 

Nusa Tenggara (NTB). This is proven by the presence of various types of MSMEs and their innovations and the increasing number 

of tourist visits to NTB from year to year. The condition of the tourism sector certainly has a positive impact on increasing NTB's 

economic growth and indirectly on optimizing existing infrastructure. However, extraordinary events such as the earthquake in 2018 

and the COVID-19 pandemic resulted in the decline of NTB tourism visits. Then tourist visits in NTB increased again with the 

holding of the MotoGP Event. The purpose of this study is to forecast the number of tourist visits to NTB. This is very much needed 

in helping the government to prepare appropriate policies if there is a possibility of a surge in tourist visits in the following years. 

As well as anticipating if there are other extraordinary events such as earthquakes or global cases. The method used in this study is 

the Seasonal Autoregressive Integrated Moving Average (SARIMA) Method. The stages in this method are describing data, 

preprocessing data, identifying stationary models, estimating models, selecting the best SARIMA model, and forecasting with the 

obtained model to forecast the next desired period. The results of research that have been conducted state that from 2023 to 2024 the 

number of tourists visiting NTB continues to increase both domestically and abroad. It is hoped that the results of this research will 

be able to provide information and contribute knowledge and consideration materials in policy making in the development of NTB 

government tourism.   
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I.  INTRODUCTION 
 

The development of the tourism sector in the 5.0 era is very rapid. Its development is inseparable from the influence 

of globalization. The development of globalization with various aspects in it also affects the dynamics of the global 

tourism industry. Related to this, tourism is considered a very profitable sector in improving the economy of a country, 

because it can encourage economic activity at the local, regional, national, and international levels [1]. 

Lombok Island is one of the super-priority tourist destinations by being designated as one part of the Special 

Economic Zone (SEZ) by the Indonesian government. The development of tourism in Lombok is also the axis of tourism 

development in West Nusa Tenggara Province (NTB). The number of foreign tourists which continues to increase from 

year to year is inseparable from the rich tourist destinations owned by the island of Lombok itself. In 2013 the number 

of foreign tourists visiting NTB reached 565,944 million people and reached its peak in 2017 with 1,430,249 million 

people. Not only foreign exchange income obtained from foreign tourists, but an increase also occurred in local tourist 

visits. In 2013 local tourists visiting Lombok, NTB reached 791,658 people and in 2017 increased to 2,078,654 people [2].  

Lombok's tourism sector in 2018, has a total of 2.8 million visitors which includes 1.6 million local tourists and 1.2 

million foreign tourists. The number of visits in 2018 decreased sharply compared to the previous year. With growth of 

-23% for local tourists and also -16% for foreign tourists. The main factor of the decline in the number of tourist visits, 

both local and foreign, to Lombok itself was caused by the earthquake that devastated most of Lombok Island during 

2018 and COVID-19 cases which indirectly silenced the community's economy in 2019 [3]-[4]. 

The impact of Covid-19 on Mandalika tourism destinations can trigger a decline in the tourist market. Various 

policies carried out by tourism institutions to prevent and recover after the pandemic aim to maintain the existence of 
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tourism destinations during and after the Covid-19 pandemic. The development of Mandalika tourism destinations 

continues to run during the Covid-19 pandemic, especially in the construction of the Mandalika MotoGP Circuit. The 

MotoGP event at the Mandalika Circuit is believed to be able to bring abundant benefits to Indonesia, especially NTB. By 

hosting the 2022 MotoGP championship, Indonesia will certainly get enormous branding potential, not only that, this 

event will also certainly be a promotion of Indonesian tourism as a whole [5]. From this, it can illustrate the importance 

of forecasting tourist visits to NTB for effective policy planning [6].  

The method used to perform forecasting has been used in several studies such as the Seasonal Autoregressive 

Integrated Moving Average (SARIMA). SARIMA is one of the Box-Jenkins methods by uses observational data behavior 

and seasonal factors in the data. Reference [7] using the SARIMA method to forecast air quality in Malaysia. Then the 

same method [8] conducts research related to the government's strategy for overcoming poverty in West Java. 

Furthermore, Reference [9] also uses the SARIMA approach in forecasting the number of ship passengers at Semayang 

Port, Balikpapan. Not only here, but SARIMA is also used in forecasting rainfall in Maluku [10]. In forecasting the number 

of tourist visits in Indonesia, the SARIMa method is used [11]. 

The results of research that have been conducted state that from 2023 to 2024 the number of tourists visiting NTB 

continues to increase both domestically and abroad. It is hoped that the results of this research will be able to provide 

information and contribute knowledge and consideration materials in policy making in the development of NTB 

government tourism.   

The purpose of this study is to forecast the number of tourist visits to NTB from January 2023 to December 2024 

using the Sarima Method. The existence of extraordinary events, namely the Covid-19 Pandemic at the end of 2019 until 

2020 and the MotoGP Event, a forecast of the number of tourist visits to NTB from January 2023 to December 2024 was 

carried out using the SARIMA Method. Research related to forecasting is carried out because NTB is one of the priority 

tourist destinations in Indonesia, which in the end will certainly affect the economy and living order of the people of 

NTB. 

 
II.  LITERATURE REVIEW 
 
A. Box-Jenkins Method 

The Box-Jenkins method is a method of applying time series data popularized by George-Box and Gwilyn in the 

1970s, by combining moving average and autoregressive approaches [12]. Box - Jenkins recommends that whether or not 

a time series data is stationary, in the process can later be differentiated 1 or more differentiation processes with the 

ARIMA model approach [13]. ARIMA is a method that can solve various problems in forecasting time series data, 

including in forecasting the number of tourists visiting NTB, by looking at past visiting patterns [14]. 

 

B. ARIMA Model 

The ARIMA model is formed from 3 models, namely Autoregressive (AR), Moving Average (MA), and 

Autoregressive and Moving Average (ARMA) which is preceded by checking stationary data [15].  

If there is an order 𝑑 (𝑑 ≥ 1) on a forecasting process 𝑍𝑡 hence the homogeneous non-stationary model, known as 

the ARIMA Model (𝑝, 𝑑, 𝑞) (16). In general, the ARIMA model can be seen in the equation (1) [16]: 

∅𝑝(𝐵)(1 − 𝐵)𝑑𝑍𝑡 =  𝜃0 +  𝜃𝑞(𝐵)𝑎𝑡
                  (1) 

where AR is represented by:  

∅𝑝(𝐵) = (1 − ∅1𝐵 − ⋯ −  ∅𝑝𝐵𝑝 )       (2) 

and MA is represented by: 
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𝜃𝑞(𝐵) = (1 − 𝜃1𝐵 − ⋯ −  𝜃𝑞𝐵𝑞  )      (3) 

In the next section, for the parameters 𝜃0 show different roles between 𝑑 = 0 and 𝑑 ≥ 0. When 𝑑 = 0 contains the 

meaning that the data is stationary, such as: 𝜃0 = 𝜇 (1 − 𝜃1 − ⋯ −  𝜃𝑞  ). However, if 𝑑 ≥ 0 known as deterministic trends. 

A thing that is very rarely used and even eliminated in the forecasting process. 

 

C.  Test Independence 

Plotting data and identifying the formation of the ARIMA Model is necessary [17]. This is related to stationary in 

the data is a requirement of the ARIMA Model, both stationary in mean and variant [18]. If the data is not stationary, it 

is necessary to transform [19]. When the stationary requirements have been met, the identification of the model formed 

by looking at the Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) plots also needs to be 

done [20]. Next, the best model estimation stage is carried out which aims to ensure that the residual is white noise or 

not. The estimation method used is Ljung-Box. It is followed by checking that the model has met the requirements of 

independent residuals and is normally distributed [16]. Here's the equation for the independence test between residual 

lags [21]: 

𝑄∗ = 𝑛(𝑛 + 2) ∑
𝜌̂𝑘

2

(𝑛−𝑘)
𝐾
𝑘=1       (4) 

with hypotheses: 

𝐻0  ∶  𝜌1 = 𝜌2 = ⋯ = 𝜌𝑘 = 0 (residual white noise) 

𝐻1 ∶ There is at least one 𝜌𝑘  ≠ 0, for 𝑘 = 1,2,3, … , 𝑛 (residual not white noise) 

Equation (4) explains that at the alpha significance level, it is 5%. If the 𝑄 * value is greater than the table value 

𝜒2
[𝑞;𝐾−𝑝−𝑞] or p-value < alpha, so the decision was made to fail to accept 𝐻0, which means that the residual is not whine 

noise. In forecasting the properties of future data, this process is carried out by dividing data into in-sample data and 

out-sample data. Out-sample data is used to forecast or validate the accuracy of data in a natural process. So the model 

that appears is the best model from in-sample data [22]. In this study, the best model selection measure used SSE and 

MSE. 

D. Seasonal ARIMA Model 

Seasonal Additive Model 

The seasonal additive model describes seasonal components interacting with non-seasonal components in the 

model in an additive manner, expressed as SARIMA ((p, P), (d, D), (q, Q))
𝑠
 for process Zt is: 

(1 − 𝑎1𝐵 − ⋯ 𝑎𝑝𝐵𝑝)(1 − 𝐵)𝑑(1 − 𝐵𝑠)𝐷𝑥𝑡 =  

(1 + 𝑏1𝐵 + ⋯ + 𝑏𝑞𝐵𝑞 + 𝜃𝑠𝐵𝑠 + ⋯ + 𝜃𝑄𝐵𝑠𝑄)𝜀𝑡                                      (5) 

with  

B : backward operator (𝐵𝑗𝑌)𝑡 = 𝑌𝑡−𝑗  

p : autoregressive non-seasonal order  

q : Non-seasonal order moving average 

P : Order of autoregressive coefficients of multiplicative seasonal components 

D : Seasonal Differential Order 

Q: Order coefficient of moving average of the multiplicative seasonal component 
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In equation (5), the seasonal component is described by the s-order moving average component. In addition, 

the seasonal component can also be expressed with an autoregressive component, that is, using a model on the 

equation (6): 

(1 − 𝑎1𝐵 − ⋯ 𝑎𝑝𝐵𝑝 − 𝛽𝑝𝐵𝑠𝑃)(1 − 𝐵)𝑑(1 − 𝐵𝑠)𝐷𝑥𝑡 =  

(1 + 𝑏1𝐵 + ⋯ + 𝑏𝑞𝐵𝑞)𝜀𝑡                                                     (6) 

 

Seasonal Multiplicative Model 

In this model, the seasonal component interacts with the non-seasonal component in the model in a multiplicative 

(multiplication form), as in equation (7): 

(1 − 𝑎1𝐵 − ⋯ 𝑎𝑝𝐵𝑝)(1 − 𝐵)𝑑(1 − 𝐵𝑠)𝐷𝑥𝑡 =  

(1 + 𝑏1𝐵 + ⋯ + 𝑏𝑞𝐵𝑞(1 + 𝜃𝑠𝐵𝑠 + ⋯ + 𝜃𝑄𝐵𝑠𝑄)𝜀𝑡                                       (7) 

Here the seasonal component is depicted using the s-order moving average component. Seasonal components can also 

be expressed using autoregressive, as in the equation (8): 

(1 − 𝑎1𝐵 − ⋯ 𝑎𝑝𝐵𝑝)(1 − 𝐵)𝑑(1 − 𝐵𝑠)𝐷𝑥𝑡 =  

(1 + 𝑏1𝐵 + ⋯ + 𝑏𝑞𝐵𝑞(1 + 𝜃𝑠𝐵𝑠 + ⋯ + 𝜃𝑄𝐵𝑠𝑄)𝜀𝑡                                     (8) 

This multiplicative model can be denoted as an ARIMA model (p,d,q) (P, D, Q)𝑠. 

 

III.  METHODOLOGY 
 

In this study, the SARIMA Method was used. which serves to predict the number of tourist visits to West Nusa Tenggara 

Province (NTB). The data used as predictions is monthly data on tourist visits from January 2012 to December 2022. In 

the process, the data is divided into 2 parts, namely data in sample and data out sample. Data in sample starts from 

January 2012 to December 2022, while data out sample starts from January 2022 to December 2022.  The data in this study 

was sourced from the Central Bureau of Statistics of West Nusa Tenggara through the https://ntb.bps.go.id/ page. The 

stages of research carried out are as follows [22]: 

a. Describe the available data. 

b. Preprocessing data. 

c. Identify stationary models. 

d. Perform model estimation. 

e. Selecting the best SARIMA model 

f. Perform forecasting with the obtained model. 

g. Perform forecasting of the next desired period. 

 

IV.  RESULTS AND DISCUSSION 
 

This study used data on the number of tourist visits to West Nusa Tenggara (NTB) from January 2012 to 

December 2022. This data was obtained from the NTB Tourism Office. A description of the number of tourist visits is 

shown in Figure 1. 
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Figure 1   Plot of Number of Tourist Visits to NTB 

 

The development of the number of tourist visits to NTB has been presented in Figure 1. This provides 

information that the number of tourist visits has a seasonal trend, which tends to increase in April and August and often 

decreases in February and November. Based on tourist visit data for the last 3 years, it is known that the month. December 

2019 showed the highest number of visits compared to other previous months. Then it dropped drastically during 2020 

due to the Covid-19 Pandemic hitting almost all regions in the world. The decline in the number of tourism visits did not 

last long, because the government revived tourism with the holding of MotoGP events in 2022. Based on the description 

of Figure 1, the Seasonal ARIMA analysis was carried out. 

 

The first thing to do is to test the stationarity of data in both the mean and the variant. Stationarity testing in 

variants is performed by Box-Cox testing, as presented in Figure 2. 

 

 

Figure 2. Box-Cox Test Results 
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Figure 2 shows that the lambda value is 0.28 which means that the transformation must be performed with the 

logarithmic function. The transformation data is then tested for stationarity in mean using ACF and PACF as shown in 

Figure 3. 

 

 
 

 

Figure 3. Plot ACF and PACF Data Transformations 

The results of the ACF and PACF plots in Figure 3 show that the ACF drops rapidly and the PACF cuts off at 

lag 1 so that the transformation data is not stationary in the mean so it is necessary to differentiate the data. The results 

of ACF and PACF plot differencing data are shown in Figure 4. 

 
 

 

Figure 4. Plot ACF and PACF Data Differencing 

 

Figure 4 shows that the ACF and PACF plots experienced cuts of lag 4 and 16 so that the data on the number of 

tourist visits to NTB followed the SARIMA model (0,1,0) (2, 0, 2)4. Then proceed to estimate several models formed 

as in Table 1 
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Table 1. ARIMA Seasonal Model (SARIMA) Estimation Results 

Model Type Coef P-Value 

 

SARIMA(0,1,0)(0,0,2)4 
  0.219 0.014 

SMA (8) 0.145 0.103 

 

SARIMA(0,1,0)(1,0,2)4 

SAR (4) -0.761 0.000 

SMA (4) -0.592 0.000 

SMA (8) 0.334 0.000 

 

SARIMA(0,1,0)(2,0,0)4 
SMA (4) -0.223 0.012 

SMA (8) -0.143 0.107 

 

SARIMA(0,1,0)(2,0,1)4 
SAR (4) 0.383 0.300 

SMA (4) -0.010 0.945 

SMA (8) 0.616 0.088 

SARIMA(0,1,0)(2,0,2)4 

SAR (4) -0.632 0.017 

SAR (8) 0.117 0.660 

SMA (4) -0.464 0.053 

SMA (8) 0.459 0.068 

 

Table 1 describes several estimated models, namely: SARIMA model (0,1,0) (0,0,2)4 with 1 significant parameter, 

SARIMA model (0,1,0) (1,0,2)4 with all significant parameters, SARIMA model (0,1,0) (2,0,0)4 with 1 parameter, 

SARIMA(0,1,0) model (2,0,1)4 only 1 significant parameter, finally SARIMA(0,1,0) (2,0,2)4 model with 2 significant 

parameters. Then with diagnostic check to ensure the model obtained from the estimation results meets the 

assumption of white noise using Ljung-Box testing. 

Table 2. White Noise Test Results 

Model Lag Chi-Square P-Value 

SARIMA(0,1,0)(0,0,2)4 

12 

24 

36 

48 

50.12 

81.36 

88.40 

107.22 

0.000 

0.000 

0.000 

0.000 

SARIMA(0,1,0)(1,0,2)4 

12 

24 

36 

48 

50.29 

78.24 

83.32 

100.25 

0.000 

0.000 

0.000 

0.000 

SARIMA(0,1,0)(2,0,0)4 

12 

24 

36 

48 

51.75 

85.90 

91.58 

108.01 

0.000 

0.000 

0.000 

0.000 

SARIMA(0,1,0)(2,0,1)4 

12 

24 

36 

48 

51.08 

83.04 

91.42 

109.34 

0.000 

0.000 

0.000 

0.000 

SARIMA(0,1,0)(2,0,2)4 

12 

24 

36 

48 

48.76 

75.52 

81.13 

99.31 

0.000 

0.000 

0.000 

0.000 

 

Based on Table 2 it is known that all Q statistics for lag 12, 24, 36, and 48 for all SARIMA models are significant so 

that all SARIMA models are white noise. To determine the best model of these SARIMA models, it is necessary to 

test the performance of the model. The smaller the AIC value indicates that it is the best model to use. The results 

of the SARIMA model performance test are shown in Table 3. 
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Table 3. SARIMA Model Performance Test Results 

Model AIC 

SARIMA(0,1,0)(0,0,2)4 3.301 

SARIMA(0,1,0)(1,0,2)4 3.238 

SARIMA(0,1,0)(2,0,0)4 3.306 

SARIMA(0,1,0)(2,0,1)4 3.302 

SARIMA(0,1,0)(2,0,2)4 3.237 

 

Based on Table 3 it is known that the AIC value of the SARIMA model (0,1,0)(2,0,2)4 is smaller than other SARIMA 

models, so the best SARIMA model used for further analysis is the SARIMA model (0,1,0)(2,0,2)4. Figure 4 is a plot of 

SARIMA model forecasting data (0,1,0)(2,0,2)4. 

 

Figure 5. Forecast Data Plot 2023-2024 

The results of predictions made with the SARIMA model in Figure 5 show that the SARIMA model can follow the 

pattern of the data it has. In this case, it is data on the transformation of the number of tourist visits. After obtaining the 

optimal SARIMA model, then forecasting for the next 24 months and obtaining an AIC value of. This performance value 

is higher than the performance value of the data in the sample. At this stage, it is continued by displaying the forecasting 

results for the number of tourist visits to NTB from January 2023 to December 2024 with the SARIMA model (0,1,0) 

(2,0,2)4. The forecasting results are shown in Table 4. 

Table 4. Forecasting the Number of Tourism Visits with the SARIMA Model (0,1,0) (2, 0, 2)4 

2023 Value 2024 Value 

January 162878 January 47632 

February 506537 February 205017 

March 114587 March 19388 

April 204013 April 38626 

May 183150 May 117992 

June 397025 June 250479 

July 99010 July 113701 

August 128539 August 137273 

September 114029 September 23006 

October 334688 October 72014 

November 107570 November 43347 

December 143860 December 33354 
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Table 4 shows the forecast for the number of tourist visits to NTB in 2023 to increase the most in February with the 

number of visits of 506537 people and the smallest number of visits occurred in July of 99010 people. On the other hand, 

the highest number of tourist visits in 2024 will occur in June as many as 250479 people and the smallest in March as 

many as 19388 people. 

 

V.  CONCLUSION 
 
 The conclusion that can be drawn from the results of research that has been carried out is that the number of tourist 

visits to NTB in 2023 has increased the most in February with the number of visits of 506537 people and the smallest 

number of visits occurred in July of 99010 people. On the other hand, the highest number of tourist visits in 2024 will 

occur in June as many as 250479 people, and the smallest in March as many as 19388 people. 

 

VI.  SUGGESTION 
 
 The suggestion from this study for future research is to try to compare the SARIMAX method with the VARIMAX 

model by involving regional aspects. 
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